The past decade has seen a rapid growth in omics technologies. Genome-wide association studies (GWAS) have uncovered susceptibility variants for a variety of complex traits. However, the functional significance of most discovered variants are still not fully understood. On the other hand, there is increasing interest in exploring the role of epigenetic variations such as DNA methylation in disease pathogenesis. In this work, we present a general framework for epigenome-wide association study and integrative analysis with the transcriptome based on GWAS summary statistics and data from methylation and expression quantitative trait loci (QTL) studies. The framework is based on Mendelian randomization, which is much less vulnerable to confounding and reverse causation compared to conventional studies. The framework was applied to five complex diseases. We first identified loci that are differentially methylated due to genetic variations, and then developed several approaches for joint testing with the GWAS-imputed transcriptome. We discovered a number of novel candidate genes that are not implicated in the original GWAS studies. We also observed strong evidence (lowest p = 2.01e-184) for differential expression among the top genes mapped to methylation loci. The framework proposed here opens a new way of analyzing GWAS summary data and will be useful for gaining deeper insight into disease mechanisms.
Introduction
The past decade has seen a rapid growth in omics technologies. Genome-wide association studies (GWAS) have been successful in unraveling susceptibility variants for a variety of complex traits 1 .
However, the functional significance of most discovered variants are still not fully understood. On the other hand, high-throughput technologies have enabled the study of gene expression and epigenetic changes on a genome-wide scale. Integrative analyses of these various types of data will deepen our understanding of disease pathophysiologies and ultimately lead to more effective treatments.
DNA methylation is a key epigenetic mechanism which is implicated in the regulation of gene expression 2 . Recent studies also suggested that DNA methylation may be involved in other functions such as promotor usage and alternative splicing 2, 3 . With the recent advent of new high-throughput arrays, DNA methylation can now be studied genome-wide in a hypothesis-free manner. Such epigenome-wide or methylome-wide association studies (EWAS/MWAS) has been applied to study numerous diseases and many methylation sites have been found to be associated with disease status 4 .
Nevertheless, the interpretation of EWAS findings is often not straightforward. Reverse causation is possible, that is, methylation changes can be the direct or indirect consequences of a disease instead of being its cause 5 . In addition, associations between methylation and disease can be due to confounding factors, such as smoking and other unknown variables that could not be completely adjusted for 4 .
In view of these limitations, in this study we present a Mendelian randomization (MR) based analytic framework to study the relationships between methylation and disease. A genetic proxy is used to represent methylation and its association with disease is then investigated. MR is an established method to study causal relationships between exposures and outcomes 6 . MR has been previously proposed as a way to study the relationships of epigenetic processes to disease 5 , but to our knowledge no studies have applied this approach in a methylome-wide level. In the paper the authors suggested a more complex two-step design, in which one first uses a genetic proxy for an environmental exposure (e.g. smoking) to assess the causal relationship between exposure and disease, and then uses another genetic proxy for methylation to elucidate the relationship between methylation and disease 5 . In this work we focus on the one-step approach. In essence, we studied the genetically controlled component of methylation and assessed the association of methylation levels with complex traits or diseases. We note that an association can be due to causality (i.e. methylation alterations causing the disease), pleiotropy [i.e. the proxy genetic variant(s) independently affect methylation and disease risks], or a combination of both. As will be discussed in a later section, we do not focus on distinguishing these possibilities in this work.
The MR approach for methylation studies is less vulnerable to confounding and reverse causation than conventional methods 6, 7 . And importantly, this approach only requires summary statistics from GWAS and methylation quantitative trait loci (meQTL) studies. With the increased availability of GWAS summary results (e.g. in LD Hub 8 ) and rising sample sizes from meta-analyses, this approach leverages the power of GWAS to unravel methylation changes linked to complex diseases. To our knowledge, this is the first study to investigate methylome-wide associations based on GWAS summary data.
We developed a framework to integrate the methylation results with the GWAS-imputed transcriptome, and proposed several measures to assess the significance of a gene based on a joint analysis of GWAS-derived methylome and transcriptome associations. We applied the approach to five complex diseases and found a remarkable tendency (lowest p = 2.01e-184) towards differential expression within the top methylation loci. We also revealed a number of novel genes for the diseases under study.
A few previous studies have interrogated alternative omics profiles from GWAS data. The majority focused on the transcriptome, for example Gamazon et al. 9 proposed imputation of expression levels based on training in a reference transcriptome dataset. The method was extended to the use of only summary statistics for imputation, including TWAS 10 and MetaXcan 11 . These two methods employed mixed effects models and elastic net regression respectively by default to train prediction models.
However, in this study we relied on top summary statistics from meQTL studies (instead of having the original genotype data) and MR is a computationally simple and flexible approach that does not require training with raw data. In a related work, Zhu et al. proposed SMR 12 , a MR-based approach which integrated GWAS summary data with expression QTL results. We studied the methylome in this work instead and compared to SMR, we did not restrict the analyses to only the top QTL in each test. We also extended our analysis to integrate methylome and transcriptome data.
Methods

The Mendelian Randomization approach
Mendelian randomization (MR) involves the use of genetic variants as instruments to interrogate the relationship between an exposure and an outcome 6 . Genetic variation serves as a natural way of "randomization" of individuals such that confounding is much less likely. 
up to second-order terms 14 .
In the inverse-variance weighted method, only the first-order term is 
GWAS and methylation QTL data
We performed methylome-wide association studies based on MR for five complex diseases, namely schizophrenia (SCZ) 17 ) were used in our study.
For SCZ and IBD, the median ages at onset are well below middle age 24, 25 and hence we only studied methylation at three time-points (birth, childhood and adolescence) while four time-points were considered for the other traits.
Joint analysis with GWAS-imputed transcriptome
As methylation can affect gene expression and the transcriptome is an integral part of disease pathogenesis, in the next step we imputed transcriptome based on GWAS summary results. We employed MetaXcan 11 to impute expression changes in peripheral blood, in order to match with the tissue studied in the methylation QTL study. The DGN dataset 26 was used as the reference transcriptome dataset. MetaXcan pre-trains a prediction model (elastic net by default) on the reference set and applies it to the summary GWAS results.
To jointly analyze methylome and transcriptome data, we adopted a gene-based approach.
Methylation probes were annotated based on the documentation provided by the Illumina HumanMap450 manifest files. For multiple probes that mapped to the same gene, we employed the Simes method to combine the p-values. The Simes method tests for at least one non-null effect among all hypotheses and controls the type I error rate under positive regression dependency 27 . After obtaining a gene-based p-value for methylation, we further combined it with the expression p-value from MetaXcan.
We considered two types of hypotheses in this case. In the first scenario, the researcher may be interested in finding genes that are both differentially methylated and expressed. We proposed a simple hypothesis testing approach by taking the maximum p-value i.e. max(p methylation , p expression ), which is proven to be valid under positive dependence 28, 29 . In the second scenario, one may be interested to search for genes that are associated with disease in at least one kind of omics measure (expression or methylation). To put it in another way, the null hypothesis in the second scenario is the global null. The Simes method was used in this case to combine p-values.
For the second scenario, we also developed an empirical Bayes approach, in line with the local false discovery rate (fdr) framework 30 but adapted to the two-dimensional case. Here the null hypothesis (H 0 ) is that both effects are null. Let z 1 and z 2 be the observed z-statistics corresponding to differential methylation and expression, we define the "co-fdr" as:
( , | ) f z z H is the probability density function (pdf) of z 1 and z 2 under the null, which was assumed to follow a bivariate normal distribution with unknown means and covariance. We estimated the unknown parameters by fitting a truncated bivariate normal distribution to the observed z-statistics, and obtained the maximum likelihood (MLE) estimates. By doing so we assumed that the central part of the observed distribution of z-statistics are mostly null, and a similar approach has been used by Efron to estimate the empirical null for one-dimensional z-statistics 31 . Following Efron, we set the cutoff z-value at 2, i.e. we used z-values between -2 and 2 to fit the truncated normal distribution. We set 0 Pr( ) H (prior probability of null association) to be one to produce a conservative estimate of co-fdr. ( , ) f z z was estimated by a multivariate kernel density function using the R package "ks" 32 .
Differential expression among the top methylation loci
Within those methylation loci that passed the Bonferroni correction (for the total number of probes tested at each time-point), we tested whether the genes corresponding to these top methylation loci were also differentially expressed as a whole. We considered the genes that were mapped to at least one methylation loci and had expression test results available. We collected the expression p-values of the top differentially methylated genes and combined them with the Fisher's method and the Simes method.
Methylation-expression associations among the top methylation loci
Among the top methylation loci, we also tested for Pearson and Spearman correlations of the effect sizes of differential methylation and expression. As previous studies showed that the methylation-expression link is associated with the location of methylation 
Results
Top methylation loci identified
We observed a high correlation among the test results that overlapped across different life stages, consistent with the report by Gaunt et al. in the original meQTL study. We mapped all genome-wide significant SNPs in GWAS summary data (p < 5e-8) to genes using the R package Biomart, and compared them with the genes corresponding to our top methylation loci. Table 1 shows the methylation loci which passed the Bonferroni correction (for the total number of loci tested at each time-point) and not implicated in the original disease GWAS. These results represent novel candidate genes and might warrant further follow-up studies. Note that the Bonferroni correction is conservative as there are correlations among the methylation probes.
Joint testing with imputed transcriptome
The top conjunction test results of methylation and expression using maximum p are shown in Table 2 . Only the Bonferroni significant results are shown. It is worth noting that the maximum p method is simple and statistically valid but it does not consider the actual covariance structure so some power is lost in this regard. There are fewer results passing Bonferroni correction which could be due to inadequate power to detect such associations. However, genes showing evidence of both differential methylation and expression might represent more biologically plausible candidates for further functional studies. Table 3 shows the top 10 genes with the lowest co-fdr for each trait in our analysis. The co-fdr can be directly interpreted as the probability that the gene shows no differential expression or methylation from the GWAS-based analysis. Both the co-fdr and Simes method test the global null hypothesis;
hence low co-fdr tends to be associated with low Simes p-values and vice versa.
Differential expression and methylation-expression associations among the top methylation loci
We found that genes mapped to the top methylation loci (passing Bonferroni significance) also tended to be differentially expressed. The associations were remarkably strong, with the lowest p-value achieving 2.01e-184 (for IBD) ( Table 4 ). The associations were also observed for all five traits under study. However we note that not all genes demonstrated such an association. One possible explanation for the enrichment of differential expression is that differential methylation results in transcriptomic changes, which in turns affect disease risk. This is biologically plausible given the evidence for methylation regulating expression 33 . However, we caution that our model cannot prove a causal relationship between methylation and expression. The reverse is also possible (i.e. expression changes leading to differences in methylation levels) 34 . It is also possible that the same genetic variant(s) affect methylation, expression and disease risk separately and we will still observe both differential methylation and expression with respect to the disease. Hence one explanation for our observations is that disease susceptibility variants tend to influence gene expression and methylation together, more than expected by chance. Given the complexity of biological systems, it is possible the truth may involve a mixture of the above mechanisms, and may vary for individual genes and disease phenotypes.
We also examined correlations of effect sizes with regards to methylation and expression among the top differentially methylated loci. For schizophrenia, we observed a significant negative correlation (Pearson correlation -0.571, p = 1.79e-4; Spearman's rho -0.522, p = 7.74e-4) ( Table 5) .
We then performed a stratified analysis considering only methylation probes at the promotor region, repeated the analysis for the other diseases under study, we did not observe significant correlations or binomial sign test results. The significance of this observation is unknown. Wagner et al. 33 reported complex relationships between methylation and expression, and that the strongest correlation was found in a group of developmentally important genes. Interestingly, schizophrenia is well-known to be a neurodevelopmental disorder and the stronger methylation-expression link is broadly consistent with Wagner et al. It is worth noting that the numbers of top methylation loci were small (<10) for CAD, DM and AD, and these samples might be underpowered to detect any correlations.
Discussion
In summary, we propose a general framework for epigenome-wide association study and integrative analysis with the transcriptome using GWAS summary statistics. The framework is based on the Mendelian randomization methodology, adapted to a methylome-wide scale. By applying the framework to five complex diseases, we showed how this approach may help to identify differentially methylated loci and prioritize genes for further functional or other follow-up studies. In addition, we observed strong evidence for differential expression among the top genes mapped to methylation loci.
There are some limitations to this study. Firstly, as alluded to earlier, the current method does not prove causal relationships. It is difficult to differentiate pleiotropy from causation, especially with only a few number of instrumental genetic variants. Recently methods have been proposed to correct the bias due to pleiotropy 13 , but in the presence of few instrumental variables the results may not be reliable. Large-scale meQTL studies may enable more variants to be discovered and such bias-correction methods can potentially be applied. However, even if the differential methylation is due to pleiotropy, the associated gene or genetic variant might still represent a biologically important candidate for further studies. Conventional EWAS are not immune to associations due to pleiotropic effects either. Also, as the MR approach is less affected by confounding or reverse causation, the results from the MR-based EWAS can be used to prioritize findings from conventional EWAS for finding casual loci.
Another limitation is the tissue specificity. We used methylation and expression in the peripheral blood as a surrogate in this study. Obviously, the framework presented here is readily applicable to any tissue types, if relevant summary statistics are available. Summary data for meQTLs are less readily available compared to eQTLs. Large-scale resources like GTEx 36 which provides public access to eQTL information over a large range of tissues are still lacking for methylation. In addition, as argued by Zhu et al.
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, the exact tissue type implicated in a disease may be unknown. For example, psychiatric disorders obviously involve the brain but there is growing evidence for the immune system to be implicated 37, 38 .
The ability to detect associations with the MR approach will depend on the power of the original GWAS and QTL study. The method will become more powerful with increases in sample sizes. It is worth mentioning that the ARIES dataset only included females when studying methylation levels at middle age, and how well it can be generalized to adult males remain to be investigated.
Notwithstanding the above limitations, we believe the framework proposed here will be useful for researchers to gain insight into disease mechanisms, which might ultimately lead to improved treatment for complex diseases. This work also illustrates the potential of employing publicly available data, including large-scale GWAS and QTL studies, in integrating omics sources to achieve more in-depth understanding of complex traits and diseases.
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